
Bayesian parameter inference in hydrological 
modelling using a Hamiltonian Monte Carlo approach 
with a stochastic rain model

Carlo Albert, Simone Ulzega, Marco Bacci, Peter Reichert

EGU, 2022, Vienna

https://meetingorganizer.copernicus.org/EGU22/EGU22-8729.html
https://meetingorganizer.copernicus.org/EGU22/EGU22-8729.html
https://meetingorganizer.copernicus.org/EGU22/EGU22-8729.html


Inference Problem

Input uncertainty

Stochastic model:  
deterministic hydrological model  
+ stochastic rain generator

High-dimensional inference: 
infer model parameters  
+ true rainfall time-series 
from rain and runoff observations



Stochastic Model

Stochastic prior for the  
rainfall potential

Deterministic 
hydrological model

Stochastic rain 
observation 
model

Stochastic runoff 
observation 
model

P(t) = h(ξ(t), θh) ,

·ξ(t) = − ξ(t)τ−1 + 2τ−1η(t)

·S(t) = AP(t) + Qgw − Q(t) ,

Q(t) = S(t)/K

Q(t)

ξ(t)
Pobs(tI) ,

I = 1,…, nP

Qobs(tJ) ,

J = 1,…, nQ

θ = (S0, K, Qgw, σP, σQ, θh)
ξ = (ξ(t1), …, ξ(tN))

To infer:



Bayesian inference

f(ξ, θ) = f(ξ)f(θ)

Posterior:

f(Pobs |ξ, θ) , f(Qobs |ξ, θ)

f(ξ, θ |Pobs, Qobs) ∝ f(Pobs |ξ, θ)f(Qobs |ξ, θ)f(ξ, θ)

Prior:

Observational  
likelihood functions: 



Methods

Three ways of sampling the high-dimensional posterior:
• Metropolis with Gibbs sampling 

Prior: proposal; data: accept/reject
• Metropolis ( ) with Particle filter ( ) 

Prior: proposal; data: importance sampling
• Hamiltonian Monte Carlo  

Simulating particle in a potential, defined by the prior and the data:

θ ξ

V(ξ, θ) = Vprior(ξ, θ) + VPobs
(ξ, θ) + VQobs

(ξ, θ)



Results
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Inference corrects for rain 
measurement errors!

The three methods give consistent results!



Conclusions

• Solving high-dimensional inference problems resulting from 
stochastic models is feasible, using available sampling algorithms 
(and parallel computing infrastructure).

• It should be common practice to apply different inference methods to 
the same inference problem.
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…Two more to come.

https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2015WR017871
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2015WR017871
https://journals.aps.org/pre/abstract/10.1103/PhysRevE.93.043313
https://books.google.at/books?hl=de&lr=&id=ysFVDwAAQBAJ&oi=fnd&pg=PA159&dq=jonas+sukys+particle+filter&ots=k69qLme93w&sig=KbEjju1uYumPNOy9CAFTtVMF9vA&redir_esc=y#v=onepage&q=jonas%20sukys%20particle%20filter&f=false

